Background/Aims: To identify prodromal Alzheimer's disease (AD) subjects using a datadriven approach to determine cognitive profiles in mild cognitive impairment (MCI). Methods: A total of 881 MCI subjects were recruited from 20 memory clinics and followed for up to 5 years. Outcome measures included cognitive variables, conversion to AD, and biomarkers (e.g. CSF, and MRI markers). Two hierarchical cluster analyses (HCA) were performed to identify clusters of subjects with distinct cognitive profiles. The first HCA included all subjects with complete cognitive data, whereas the second one selected subjects with very mild MCI (MMSE ≥ 28). ANOVAs and ANCOVAs were computed to examine whether the clusters differed with regard to conversion to AD, and to AD-specific biomarkers. Results: The HCAs identified 4-cluster solutions that best reflected the sample structure. One cluster (aMCIsingle) had a significantly higher conversion rate (19%), compared to subjective cognitive impairment (SCI, p < 0.0001), and non-amnestic MCI (naMCI, p = 0.012). This cluster was the only one showing a significantly different biomarker profile (Aβ 42 , t-tau, APOE ε4, and medial temporal atrophy), compared to SCI or naMCI. Conclusion: In subjects with mild MCI, the single-domain amnestic MCI profile was associated with the highest risk of conversion, even if memory impairment did not necessarily cross specific cut-off points. A cognitive profile characterized by isolated memory deficits may be sufficient to warrant applying prevention strategies in MCI, whether or not memory performance lies below specific z-scores. This is supported by our preliminary biomarker analyses. However, further analyses with bigger samples are needed to corroborate these findings.
Introduction
Subjects with mild cognitive impairment (MCI) have an increased risk for Alzheimer's disease (AD) [1] . Previous studies have shown that specific subtypes of MCI are more likely to progress to AD-type dementia. However, there is still disagreement concerning the conversion rates of these subtypes, which in turn leads to the question of whether it is justified to label one of these subtypes the prodromal stage of AD [2, 3] .
Previous approaches to define prodromal AD by specific cognitive subtypes had several problems. According to Petersen [4] , MCI can be differentiated into amnestic (aMCI) versus non-amnestic (naMCI) subtypes, which can further be divided into the subtypes 'single domain' and 'multiple domains', depending on which and how many cognitive domains are impaired [1, 4] . However, as neither specific tests nor specific cut-off scores are prescribed to define cognitive impairment, Petersen's criteria are often operationalized in many different ways. In a Consensus Conference in Stockholm in 2003, these criteria were therefore revised by Winblad et al. [5] . The Stockholm MCI criteria standardized the definition of objective cognitive impairment by setting the cut-off point at -1.5 SD, minimizing the risk for falsepositive diagnoses (in contrast to -1.0 SD). However, this cut-off point remains an arbitrary criterion. Defining MCI subtypes using pre-specified cut-offs leads to subtypes that are more theoretical entities than empirical groups with homogeneous cognitive profiles. Depending on the specific cut-off point, the distribution of the subjects across the subtypes can vary considerably [6, 7] . This is all the more evident when bearing in mind that often subjects fall into one subtype because they curtly 'miss' the alternative one. Hence, one cannot expect the resulting subtypes to be 'real' syndromes with a specific underlying pathology and, in turn, liability to progress to dementia, not to mention AD.
Visser and Verhey [8] examined 320 non-demented patients of a memory clinic and diagnosed MCI according to 5 sets of MCI criteria: ageing-associated cognitive decline [9] , ageassociated memory impairment [10] , aMCI [4] , and mild functional impairment [11] . After 5 years, 18% of the patients had progressed to AD, but the conversion rate strongly depended on the applied criteria and ranged from 20 (ageing-associated cognitive decline) to 38% (aMCI). The authors concluded that none of the present MCI concepts is fully predictive of AD conversion. Different biomarkers have been identified as useful in detecting prodromal AD, but they are still not universally available in routine clinical practice [12] . Hence, there is still a pressing need for further neuropsychological characterization of individuals with MCI who are most likely to convert to AD or other types of dementia [13] .
The present study intended to identify a data-driven typology of MCI subtypes using hierarchical cluster analysis (HCA) and to validate the empirical clusters longitudinally, based on their rates of conversion to AD and on the basis of AD-specific biomarkers, in order to identify one cluster that could be regarded as the pre-clinical stage of AD. Unlike defining MCI subtypes using pre-specified cut-offs, cluster analysis determines the grouping of MCI subjects on the basis of the data at hand. We started from the assumption that isolating maximally different neuropsychological clusters by HCA would help identify one cluster that, in combination with a higher rate of conversion to AD and an AD-specific biomarker profile, could be labelled as the prodromal AD profile.
Materials and Methods

Study Design, Setting and Participants
The study was part of the DESCRIPA project, a 5-year multi-centre prospective cohort study conducted within the network of the European Alzheimer's Disease Consortium [14] . A cohort of 881 subjects with objective or subjective cognitive impairment (SCI, age ≥ 55) were assessed in 20 European memory clinics between March 2003 and March 2007. Subjects with subjective, but no objective cognitive impairment were included as MCI (not as healthy control subjects), as they have a higher risk of cognitive decline compared to subjects without subjective (and objective) impairment [15, 16] . Subjects with dementia or any somatic, metabolic, psychiatric or neurological disorder that may cause cognitive impairment were excluded. No healthy controls were included in the study. The study protocol was approved by the local Medical Ethics Committee of each centre. All participants and/or their authorized representatives gave their informed consent. For the following analyses, we selected only subjects with complete neuropsychological tests at baseline (see below) and at least 1 follow-up (n = 485).
Measurements
Clinical Assessment
All subjects underwent a standard battery of examinations, including clinical history, medical/neurological examinations, laboratory tests, MRI, neuropsychological examinations and clinical rating scales (CDR, neuropsychiatric scales, depression scales and ADL scales). Diagnoses were made on the basis of a clinical consensus. Both the clinical phenotype (syndrome) and the presumed aetiology were recorded. All subjects were invited for annual follow-up assessments for up to 5 years. Dementia was diagnosed according to DSM-IV [17] and AD according to NINCDS-ADRDA criteria [18] by the diagnostic team at each centre. Outcome measures included cognitive variables and progression to AD. Sixteen (80%) of the involved clinics also obtained biological data (CSF Aβ 42 , t-tau, p-tau, APOE ε4 genotype, medial temporal lobe atrophy, MTA, and/ or white matter lesions, WML). Data were collected by investigators who were blinded to the results of the CSF and blood analyses, as well as to the imaging results. The study methods are described in detail in Visser et al. [14, 19] .
Neuropsychological Examination
Because the participation of the centres in the DESCRIPA study was intended not to interfere with their routine practice, the neuropsychological tests used in this study varied among centres. However, all centres assessed the following cognitive domains: memory, language, executive function, attention and visuoconstruction. For each cognitive domain, a primary test was selected at each centre that was the same as, or similar, to the tests that were used at the other centres [14] . The primary tests to assess memory were the learning and delayed recall measure of the Rey auditory verbal learning test [ 20 , 6 centres] , and the word list of the Consortium to Establish a Registry for AD (CERAD) test battery [ 21 , 3 centres] . The primary test to assess language was the 1-min verbal fluency test for animals [ 22 , all centres] . The primary test to assess speed/attention and executive function was the trail-making test (TMT), parts A and B [ 23 , all centres] . The primary tests to assess visuo-construction were the copy subtest of the Rey-Osterrieth complex figure [ 24 , 7 centres] , or the copy of the CERAD figures [ 21 , 2 centres] . If patients had missing data in these primary tests, alternative tests were used, which were selected beforehand for each primary test [14, 19] . All centres administered the MMSE [25] . Raw test scores were transformed to standardized scores wherein the age, education and gender of the subjects were taken into consideration. The standardization of the test scores was performed using normative data routinely used at each centre. In order to be able to merge the data from the different centres, further analyses were performed using z-scores. The relevant methods have been detailed elsewhere [14, [26] [27] [28] [29] . For the analyses reported in this paper, the 6 'key' cognitive scores were selected, as a relatively big portion of the sample (485 of the 881 subjects) had data in these variables. These variables were either single measures of a cognitive domain (e.g. the variable 'tmt-a' assessing speed and attention on the basis of the TMT-A score alone), or were composite variables containing information from tests selected as primary, or alternative tests (e.g. 'learning', assessing episodic memory on the basis of CERAD, ADAS-cog and word lists of other tests).
Cerebrospinal Fluid CSF was collected to measure Aβ 42 , t-tau and p-tau with single-parameter ELISA kits. The operators analysing the CSF data were blinded to all clinical information. In order to provide reference data for the prevalence of a CSF AD profile, 93 healthy controls were selected from another study [19] . All CSF values were expressed as z-scores and corrected for age and gender if appropriate, based on the reference population of the healthy control subjects [14] . The z-scores of Aβ 42 , t-tau and p-tau were inverted such that for all measures a more negative z-score indicated a more severe reduction (as was expected for Aβ 42 ) and a more positive z-score indicated more elevated concentrations (as was expected for t-and p-tau). Of the 487 subjects included in this investigation, CSF data were available for 182 subjects from 8 study sites.
Genetics
The APOE ε4 genotype was determined by PCR of genomic DNA, extracted from EDTA anti-coagulated blood using the PCR technique [27] . Data for APOE ε4 were available for 546 subjects from 16 study sites.
Imaging
In some of the centres, subjects underwent a neuroimaging examination, i.e. either CT or MRI, according to the routine protocol of the specific centre. Although the scanners and protocols at different sites varied, the imaging data were collected and analysed centrally [27] . For the analyses presented here, 2 imaging variables were selected: MTA and WML. Both were rated with qualitative rating scales [24, 25] , using a 5-point visual rating scale to assess MTA, and the Age-Related White Matter Changes Scale to assess WML. MTA and WML data were available from 10 sites for 370 and 372 subjects, respectively. Subjects with and without data for the neuropsychological or biomarker variables did not differ from each other with regard to age, gender and education. As the most important conclusions were those drawn from the analyses pertaining to the clusters, the only differences tested were those within each cluster.
Whereas the cluster analyses included 485 subjects with complete data sets in the cognitive variables used to build the clusters, only 114, 331 and 246 of the original 881 subjects had data in the CSF, APOE ε4 and imaging variables, respectively. The analyses reported here included different portions of the complete sample, as the sample size would have been reduced to only 71 subjects if only subjects with complete data sets in all of the above-mentioned variables had been selected.
Statistical Procedures
Hierarchical Cluster Analysis HCA was performed to investigate whether the heterogeneous MCI cohort could be differentiated into more homogeneous subgroups. To sort the subjects into different clusters, the 6 neuropsychological variables were entered into the analysis in order to build groups of subjects with possibly homogeneous but distinct cognitive profiles. The hierarchical method was chosen because -unlike partitioning methods -it does not start from a specific predefined grouping of the elements, but determines the grouping on the basis of the data at hand. The clustering of cognitively similar subjects into one group was reached using an agglomerative algorithm, where the starting point was the finest partitioning of the elements: at the beginning of the clustering procedure each subject constituted its own cluster and subsequently the algorithm put those subjects and clusters together to which had the most similar cognitive profile, i.e. which minimized the distance or the heterogeneity measure.
Due to the metric level of the z-transformed neuropsychological scores, the distance measure 'squared euclidean distance' was chosen, as several linkage algorithms are based on this measure. The Ward method was used because other grouping methods have several drawbacks or are very difficult to understand. A simulation study by Bergs [30] showed that, compared to the other algorithms, Ward's method offers good partitions, puts the elements in the 'correct' groups and signals the correct number of clusters. The Ward algorithm summarizes those elements or clusters which augment the heterogeneity measure (here the variance criterion) in a minimal degree, so that Ward's method is also suitable to build maximally homogeneous groups. To help determine the optimal number of clusters, the horizontal hierarchical tree plot was used to visualize the course of the used heterogeneity measure during the agglomeration process.
Two HCA were performed: the first HCA included all 485 subjects with complete cognitive data sets; the second HCA was run selecting subjects with baseline MMSE ≥ 28, i.e. with very mild MCI. We chose MMSE ≥ 28 because in subjects with 'normal' educational level (in general at least 8 years), and age ≥ 65, the corresponding z-scores are still in the normal range [31] . By this selection we could also rule out a possible confounding effect of the overall severity of cognitive impairment on cluster building.
Logistic Regression Analysis
To investigate whether sub-classifying MCI subjects enhances the prediction of AD compared to the plain use of cognitive test scores, logistic regression analyses (LRA) were computed, using the variable 'conversion to AD' as the binary dependent variable (converted vs. not converted at follow-up) and the cluster and cognitive variables as predictor (independent) variables. Different sets of predictors were included as independent variables in order to compare their suitability to predict conversion to AD.
Three sets of predictors were chosen. The first set contained the 6 aforementioned cognitive variables only. The second set included these cognitive variables plus the cluster variable cluster_485. This variable resulted from the cluster analysis that included all 485 subjects and contains information about the cluster membership of these subjects (e.g. if subject 1 has a '2' in this variable, this means that this subject was classified into cluster 2, whose label will be described in the results section). The third set of predictors included the cognitive variables, the cluster variable cluster_485, and the cluster variable cluster_313. The lastmentioned variable resulted from the cluster analysis that included only the 313 subjects with very mild MCI, i.e. MMSE ≥ 28. By including this variable as a predictor, the LRA automatically excluded all subjects with missing data in this variable. Hence, the results of the analyses run with the third set of predictors apply only to the 313 subjects with MMSE ≥ 28.
For each of the 3 sets of predictors, two stepwise ('stepforward') LRA were computed. In the first ones, all predictors were forced into the model in order to determine: (1) the predictive validity of the model including all available cognitive information and (2) the order from the best to the least predicting variable. To allow all available variables into the model, the inclusion p values were set at 1. In the second analyses, the inclusion p values were set at 0.05 so that each variable was expected to increment the prediction by a minimum degree in order to be included in the model. These second analyses were run in order to determine at which point the algorithm stops including further variables because they do not enhance the predictive accuracy, demonstrating which predictors are necessary and sufficient to predict AD. The second analyses are denoted with an inverted comma (e.g. model 1', model 2', etc.). In order to compare the predictive value of the different models, sensitivity, specificity, and positive and negative predictive values were computed. Because these predictive values are affected by the prevalence of the disease at hand, the (positive and negative) likelihood ratios were also reported.
To validate the MCI clusters identified by the HCAs, ANOVAs and ANCOVAs were computed in order to examine whether the clusters differed from each other in their biomarker profiles. The analyses were computed using the biomarkers as dependent variables, and the variable 'MCI clusters' as the independent variable. Because the biomarkers MTA and WML were age dependent, ANCOVAs were computed including age as a covariate.
To examine demographic, clinical and neuropsychological differences between the clusters, genders or other groups, additional analyses were conducted: To test for differences between two independent groups, we performed Student's t tests (for continuous variables). In cases where the variances differed between the compared groups, the corrected t and d.f. values are reported. Paired-sample t tests were conducted to compare the means of 2 variables in one sample. ANOVAs were performed to test for differences between more than two groups. In case of significant group differences, the ANOVAs were followed by Games-Howell post hoc analyses, as this type of post hoc test takes into account small and/or unequal sample sizes. When post hoc tests indicated significant differences between 2 clusters, or 2 cluster pairs only, the reports were limited to the (significant) p values. Differences between the distributions of categorical, non-dichotomous variables were tested with Pearson's χ 2 tests. For dichotomous variables, Fisher's exact tests were computed (here, only p values are reported). To test correlations between nominal variables, the phi coefficient and odds ratio (OR) were computed. For ordinal variables, or when dichotomous or ordinal variables were correlated with metric variables, Kendall's tau-b was used. When multiple hypotheses were tested on a set of data, the Bonferroni correction was used to avoid cumulating α-errors: when n hypotheses were tested, each individual hypothesis was tested at a statistical significance level of 0.05/n or 0.01/n. All tests were two-sided. All analyses were performed using the Statistical Package for the Social Sciences (SPSS 19 and IBM SPSS 20).
Results
Descriptives
As only subjects with complete neuropsychological tests at baseline and at least 1 followup (n = 485) were included in the analyses, 396 subjects had to be excluded. The baseline characteristics of the included (n = 485) and excluded (n = 396) subjects are shown in table 1 .
The included subjects were comparable to the excluded subjects in terms of gender (p = 0.631) and rate of conversion to AD (p = 0.149). However, they differed significantly in terms of age [t(878) = 4.125, p < 0.0001], baseline MMSE [t(703) = -5.589, p < 0.0001], and education [t(879) = 2.509, p = 0.012]. Both age and education were higher in the excluded subjects (age = 71.5 years, education = 10.7 years) compared with the included subjects (age = 69.3 years, education = 10.0 years), whereas baseline MMSE was lower in the former (27.0) than in the latter (27.8) . Hence, the included subjects were less cognitively impaired (MMSE) and younger, but less educated than the excluded subjects.
Whereas the mean time to AD and the rate of conversion to AD did not differ significantly between the two groups [t (157) Data are expressed as mean and SD unless otherwise specified. For the cognitive variables, z-scores are listed, indicating the number of SDs from the average of a healthy control population. 1 Number of subjects without missing data in the respective variable. 
Differentiating MCI Clusters
The horizontal hierarchical tree plot showed that the value of the heterogeneity measure escalated after building 4 clusters. Thus, a 4-cluster solution was regarded as the best choice.
The HCA sorted the 485 subjects into the following 4 clusters: 224 (46.2%) were classified into cluster 1, 62 (12.8%) into cluster 2, 32 (6.6%) into cluster 3 and 167 (34.4%) into cluster 4. Table 2 lists the baseline scores of the clusters on the 6 cognitive variables, the mean MMSE scores, demographics, cluster-specific rates of conversion to AD, mean time to conversion, and mean follow-up duration in the 4 clusters. Figure 2 specifies the cognitive profiles of the 4 clusters. Based on the neuropsychological variables entered into the HCA, the 4 clusters can be characterized as follows:
• Cluster 1 (n = 224) had subjective cognitive impairments with very mild (if any) objective deficits, so that it can be best labelled with 'SCI'. • Cluster 2 (n = 62) had severe deficits in psychomotor speed, moderate deficits in executive functioning and mild memory deficits, so that it can be best labelled with 'inattentive, dysexecutive aMCI' (aMCIatex).
• Cluster 3 (n = 32) had prominent deficits in executive functioning, mild-to-moderate memory deficits and mild deficits in verbal fluency. This group was the most impaired group and can be best described with 'dysexecutive aMCI' (aMCIexec).
• Cluster 4 (n = 167) showed deficits in immediate verbal recall that were comparable to those in cluster 3, but with more pronounced impairment in delayed memory, without executive or attentional deficits. This cluster can be referred to as 'aMCI, single domain' (aMCIsingle). Data are expressed as mean and SD unless otherwise specified. For the cognitive variables, z-scores are listed, indicating the number of SDs from the average of a healthy control population.
After Bonferroni correction (a = 0.05/6 = 0.008), the clusters differed in terms of age [F(3, 478) = 4.759, p = 0.003], baseline MMSE [F(3, 478) = 24.914, p < 0.0001] and education [F(3, 478) = 16.657, p < 0.0001]. Whereas age differed significantly between SCI on the one hand and aMCIatex and aMCIsingle on the other (p = 0.030 and p = 0.013, respectively), baseline MMSE differed between SCI and each of the 3 other clusters (p < 0.0001). As to differences in education, there was a tendency of the least impaired clusters (SCI and aMCIsingle) to have more years of education than the more impaired clusters (aMCIatex and aMCIexec). However, differences in education were significant only between aMCIatex and the SCI and aMCIsingle clusters (both p < 0.0001). As for age at first visit, the cluster with the lowest mean age (67.9 years) was the least impaired SCI cluster. However, the order from the 'youngest' to the 'oldest' cluster (SCI, aMCIatex, aMCIsingle and aMCIexec) was neither consistent with the overall degree of cognitive impairment (MMSE) or the number of impaired cognitive functions, nor did these differences reach significance level. As for gender distribution, the significant inter-cluster difference [χ 2 (3) = 11.868, p = 0.008] was due to the differences of SCI versus aMCIatex (54.0 vs. 72.6% females, p = 0.009) and aMCIsingle versus aMCIatex (51.5 vs. 72.6% females, p = 0.004). After Bonferroni correction (p = 0.05/6 = 0.0083) only the latter difference remained significant. Severity of depressive symptoms was highest in aMCIatex and differed significantly from severity in SCI [t(90) = -2.327, p = 0.022] and in aMCIsingle [t(95) = 2.235, p = 0.028]. However, after Bonferroni correction (p′ = 0.0083), neither of these differences remained significant.
In which neuropsychological variables the clusters differed significantly from one another is reported in table 3 . 
Conversion to AD, Mean Time to Conversion, and Mean Follow-Up Duration
The cluster-specific rates of conversion to AD, mean time to conversion and mean followup duration in the 4 clusters are reported in table 2 . The highest conversion rate was found in the aMCIexec cluster (46.9%), which differed significantly from that of the aMCIatex cluster (24.2%, p = 0.036). However, after Bonferroni correction (0.05/3 = 0.016) this difference was no longer significant. Because significantly lower conversion rates were self-evident in subjects with just SCI, only the rates of the clusters with objective cognitive impairment were compared with one another. The clusters did not differ with regard to the mean time to AD either [F(3, 84) = 0.489, p = 0.691], whereas the average follow-up time was significantly longer in the SCI than in the aMCIatex cluster (p = 0.001). Whereas time to AD was computed selecting subjects who converted to AD, follow-up time was examined only in subjects who did not convert, in order to avoid comparing it between groups with different conversion rates (and hence different follow-up times, as converters dropped out of the study earlier).
Differentiating MCI Clusters of Subjects with MMSE ≥ 28
A second HCA was conducted to test if the stability of the clusters could also be demonstrated in subjects with very mild MCI. In order to test if a cognitive profile predicting AD can be identified at a very early stage of MCI, only subjects with a baseline MMSE ≥ 28 (n = 313) were selected for the second HCA. This HCA generated, again, 4 clusters whose cognitive profiles are shown in figure 3 .
Based on the cognitive performance of the subjects, the 4 new clusters are characterized as follows:
• Cluster 1 (n = 86, mean MMSE = 29.1, SD = 0.73; mean age = 66.3, SD = 7.74) had no objective cognitive deficits, hence this cluster was labelled 'SCI' (SCI28+).
• Cluster 2 (n = 116, mean MMSE = 28.8, SD = 0.70; mean age = 68.5, SD = 7.94) had moderate deficits in immediate verbal recall, even more pronounced impairment in delayed recall, and minimal impairment in verbal fluency. This cluster was labelled 'aMCI, single domain' (aMCIsingle28+).
• Cluster 3 (n = 51, mean MMSE = 28.7, SD = 0.83; mean age = 71.0, SD = 6.62) had prominent deficits in executive functioning, almost similar impairment in attention and psychomotor speed, and minimal impairment in verbal fluency and memory. This group was labelled 'attentional and executive impairment with secondary memory deficits' (atexMCI28+).
• Cluster 4 (n = 60, mean MMSE = 29.0, SD = 0.75; mean age = 68.6, SD = 7.09) showed no memory deficits but mild impairment in constructional praxis, executive functioning and verbal fluency. This cluster was labelled 'naMCI' (naMCI28+). After Bonferroni correction (a = 0.05/6 = 0.008), the clusters did not differ with regard to baseline MMSE except for the difference between SCI28+ and aMCIsingle28+ (p = 0.003). The clusters SCI28+ and atexMCI28+ differed significantly with regard to age (p = 0.001) and education (p < 0.0001). Education differed also between aMCIsingle28+ and atexMCI28+ (p < 0.0001), with aMCIsingle28+ being more educated than atexMCI28+. Severity of depressive symptoms differed between the clusters too [F(3, 250) = 2.707, p = 0.046]. GamesHowell post hoc comparisons indicated that the inter-cluster difference in depressive symptoms was only attributable to the difference SCI28+ versus atexMCI28+ (p = 0.045). In contrast to aMCIsingle28+, where delayed recall was slightly more impaired than immediate recall (t = 1.70; d.f. = 115; p = 0.092), an opposite tendency was present in atexMCI28+ (t = -1.568; d.f. = 50; p = 0.123), although both results were not significant. In summary, atexMCI28+ was the cluster with the lowest education level and the highest severity of depressive symptoms. There were no differences in gender distribution [χ In which neuropsychological variables the 'very mild MCI' clusters differed significantly from one another is reported in table 4 .
Conversion to AD, Mean Time to Conversion, and Mean Follow-Up Duration in the MMSE ≥ 28 Clusters
In the subset of subjects with milder cognitive impairment (MMSE ≥ 28), the highest conversion rate was found in the aMCIsingle cluster (19%), which differed significantly 
Predicting Conversion to AD: Does Sub-Classifying MCI Subjects Improve the Diagnostic Accuracy of the Cognitive Scores?
In order to determine whether knowledge of the subtype or cluster of an MCI subject has an additional benefit to the prediction of conversion to AD compared to the plain use of the subjects' cognitive scores, 6 LRA were performed, using different combinations of potentially predicting variables. The 6 resulting models are presented in table 5 .
According to the LRA that included the cognitive variables only (models 1 and 1'), conversion to AD at follow-up was correctly predicted in 84.5% of the cases. Specificity amounted to 96.4% and sensitivity to 33.0% (model 1). In model 1', where the LRA algorithm stopped including further variables if they did not enhance the predictive accuracy, the variables of delayed recall, TMT-B and verbal fluency were identified as the best predictors. The variables of verbal immediate recall, constructional praxis and TMT-A did not contribute to the prediction of conversion to AD (p = 0.275, p = 0.828 and p = 0.849, respectively). While the predictive accuracy of the 6 cognitive variables (model 1) remained virtually unaffected by the exclusion of the redundant cognitive variables (model 1', see table 6 ) in both models, high specificity values are derogated by low sensitivity values.
To examine whether the clustering of the MCI sample improves prediction of AD, the models 1 and 1' were supplemented by two further models (models 2 and 2'): in model 2, the 6 aforementioned cognitive variables plus the cluster_485 variable were included. In model 3, these model 2 predictors were supplemented by the cluster_313 variable.
In model 2, the order of the included variables shows that the cluster_485 variable was slightly more predictive than the redundant variables identified in model 2'. However, the contribution of the cluster_485 variable was not significant (p = 0.292), so that the predictive accuracy of this set of predictors does not significantly improve, compared to models 1 and 1'.
In contrast, model 3, which also included the cluster_313 variable, showed another picture: here, the LRA algorithm selected the cluster_485 variable as the best predictor, followed by the variables of delayed recall, TMT-B and immediate recall. In model 3' the algorithm excluded all variables but cluster_485 (best predictor) and delayed recall (second-best predictor). However, in model 3' sensitivity is significantly reduced compared to model 3. On the basis of these 2 'best' variables, AD was predicted for only 1 subject who, at least in the 4 years of follow-up, did not progress to AD. In summary, in all 3 sets of predictors high specificity values were derogated by very low sensitivity values, showing that they are accurate only in identifying non-converters, but not subjects who later convert to AD. However, model 3 contains both the cognitive and cluster variables that can be regarded as the combination of variables with the highest predictive accuracy (91.1%) and the lowest decrement in sensitivity (12.9%) and positive predictive value (80%).
It has to be mentioned that these results (models 3 and 3') only apply to the 313 subjects who were included in the respective LRAs, as all other subjects with missing data in the cluster_313 variable (i.e. subjects with MMSE <28) were automatically excluded. Hence, the last-mentioned results apply only to subjects with MMSE ≥ 28, i.e. very mild MCI. Table 7 shows the results of the ANOVAs and ANCOVAs computed to test for significant inter-cluster differences in the biomarkers.
Inter-Cluster Differences in Biomarkers
ANOVAs and ANCOVAs were computed separately for the two HCA samples. In both samples, the aMCIsingle subtype (aMCIsingle28+) was the only one which differed significantly from the SCI cluster. However, while in the complete sample aMCIsingle was associated with abnormalities in Aβ 42 , t-tau and MTA, in the very mild MCI sample it was associated with a significantly 'abnormal' MTA only. In the very mild MCI sample, CSF markers did not differ from those of the cognitively healthy SCI subjects. Interestingly, APOE ε4 differed significantly between aMCIsingle28+ and the naMCI group, but only in the very mild MCI subjects.
Discussion
HCA subdivided an MCI cohort into 4 groups with maximally different cognitive profiles which differed in their rates of conversion to AD: (1) SCI, (2) mainly attentional with additional executive and amnestic impairment (aMCIatex), (3) mainly executive impairment (aMCIexec) and (4) mainly amnestic impairment (aMCIsingle). The highest rate of conversion PPV and NPV = Positive and negative predictive value, respectively; LR+ and LR-= positive and negative likelihood ratio, respectively. to AD was found in the aMCIexec cluster (46.9%), followed by aMCIsingle (31.7%), aMCIatex (24.2%) and SCI (3.6%). Because the cluster with the highest rate of conversion (aMCIexec) also had the lowest baseline MMSE, an additional HCA was run selecting subjects with baseline MMSE ≥ 28, i.e. very mild MCI, to rule out a possible confounding effect of the overall severity of cognitive impairment on cluster building. This second HCA identified the following 4 clusters: (1) SCI (SCI28+), (2) mainly amnestic impairment (aMCIsingle28+), (3) mainly executive and attentional deficit plus slight memory impairment (atexMCI28+) and (4) mainly constructional, non-amnestic impairment (naMCI28+). Because of the MMSE ≥ 28 criterion, the corresponding rates of conversion to AD were much lower than those found in the complete sample clusters (1.2, 19, 9.8 and 5%, respectively). Nevertheless, 2 of these 28+ clusters (SCI28+ and aMCIsingle28+) had similar cognitive profiles to those found in the original HCA, with an interesting difference: whereas aMCIexec was the high-risk cluster of the complete sample HCA solution, aMCIsingle28+ was the high-risk cluster in the MMSE28+ cluster solution. Hence, examining only subjects with very mild MCI, single-domain aMCI was identified as the most probable prodromal AD phenotype in spite of its lower degree of deficit multiplicity and its similar severity of global cognitive impairment (mean MMSE) compared to atexMCI28+. Thus, the number and severity of impaired cognitive domains do not seem to matter as much as the degree of memory impairment. In fact, executive functioning was much more impaired in the atexMCI28+ than memory in the aMCIsingle28+ cluster. Still, the highest conversion rate (19%) was found in the latter, which had the highest memory impairment. Hence, in the earliest stages of cognitive impairment, prominent memory impairment is crucial and sufficient to enhance the risk of conversion, so that single-domain aMCI might be labelled the earliest cognitive phenotype of AD. In the atexMCI28+ cluster, impaired memory performance can partly be explained by the pronounced attentional and executive deficits, which are cognitive features more typical for depressive subjects than for degenerative brain processes. In fact, atexMCI28+ was the cluster with the most severe depressive symptoms. Furthermore, only the aMCIsingle28+ cluster showed a tendency to the dementia-specific pattern of more impaired delayed recall and less impaired immediate recall [32] .
According to most of the studies on conversion rates of MCI subtypes, single-domain aMCI is less likely to convert to AD compared to multiple-domain aMCI, because the memory component specific for AD and the multiplicity of cognitive deficits indicating the severity of brain destruction interact, which results in a higher risk of progression to dementia [3, [33] [34] [35] [36] [37] [38] [39] [40] . This is in line with our results in the total cohort, but was not confirmed in the very mildly To test for inter-cluster differences in the biomarkers Aβ 42 , t-tau, p-tau and APOE ε4, ANOVAs were computed. ANCOVAs were computed to test for inter-cluster differences in MTA and WML, as these variables were not age-corrected and age had to be entered as a covariate. impaired cohort. This supports the suggestion of Hughes et al. [41] that multiple-domain aMCI represents a more advanced disease state.
In the complete sample, the aMCIsingle cluster was associated with an AD-specific biomarker profile: decreased Aβ 42 , increased t-tau, and MTA, compared to subjects with only SCI. The biomarker differences might have been even more pronounced if healthy controls had been included in the study, as Visser et al. [19] could show in another study. In the MMSE ≥ 28 sample, CSF markers could not differentiate between any of the clusters, probably because CSF markers become abnormal very early, even in subjects who will in their lifetime never express symptoms of AD dementia, and do not change appreciably as the disease progresses [42] . WML did not differentiate between any of the clusters, whereas APOE ε4 differed between aMCIsingle and naMCI. However, MTA was the only biomarker which consistently and highly significantly differentiated between SCI and aMCIsingle both in the complete and in the MMSE ≥ 28 sample. This is in line with the hypothetical model of dynamic AD biomarkers of Jack et al. [42] , stating that the direct substrate of memory impairment is hippocampal atrophy (as measured by MRI) and not, for example, Aβ deposition.
The results of this study have to be seen in light of some limitations. As the study population was recruited from memory clinics, the results may not be generalized to other settings or to the general population. As the number of included cognitive tests was limited because of the multi-centre and naturalistic nature of the study, the study findings are specific to the tests that were selected. In addition, this study was carried out without a healthy control group, as the included subjects with no objective cognitive impairment all had subjective concerns and, hence, a higher risk of developing cognitive deficits and converting to dementia compared to truly healthy controls [15, 16] . Another problem of this and other studies comparing the conversion risk of aMCI versus naMCI subtypes could also have led to biased results: identifying clusters with memory impairment as the most susceptible ones to convert to AD could reflect a tautological problem. In order to diagnose dementia, i.e. to decide whether a subject has converted to dementia or not, memory impairment is, by definition, a necessary prerequisite. Hence, subjects with a baseline cognitive profile corresponding to naMCI are less probable to be judged as 'converted' (to dementia or AD) at follow-up, because they have to develop memory deficits in the first place. However, if only amnestic forms of MCI are taken into consideration, this problem concerns both multiple-and single-domain aMCI. Actually, it affects multiple-domain aMCI in particular, as memory impairment has to be accompanied by deficits in at least one additional cognitive domain in order to fulfil dementia criteria. Because single-and not multiple-domain aMCI was found to be the most susceptible to convert to AD, the aforementioned tautology does not explain this specific result. However, tautology problems have to be taken into consideration as a source of bias affecting results pertaining to the comparison between amnestic and non-amnestic clusters. Another limitation of this study is the lack of a measure of 'cued recall' like, for example, the Free and Cued Selective Reminding test, which has been found to correlate with CSF biomarkers of AD more strongly than CERAD delayed recall measures [43] and to accurately predict MTA, as semantic cuing draws upon hippocampal and entorhinal structures [44] . Furthermore, the study is limited by the fact that the MCI clusters were built on the basis of their cognitive profiles only, even if they could be correlated with AD-specific biomarkers afterwards. Finally, in all logistic regression models, sensitivity values were low (range = 0-35.2%), while accuracy (84.5-91.1%) and specificity (96.4-99.6%) of the various variables and clusters predicting incident AD were high. Hence, the cognitive variables used in the analyses were accurate in identifying subjects not at risk of developing AD, but they were not sensitive to detect those who are at risk. This is consistent with the results of Stephan et al. [45] , who found that 'no MCI-derived threshold accurately identified an at-risk group with a 2-year progression rate greater than 20%'.
